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ABSTRACT

In this paper, we present the results that our n-gram
based word string language model, combined with
speaker and noise adaptation of the acoustic model,
improves recognition performance of noisy broadcast
news speech. The focus was brought into a remedy
against recognition errors of short words. The word
string language models based on POS and n-gram fre-
quency reduced deletion errors by 17%, insertion errors
by 20%, and substitution errors by 3% in Japanese TV
broadcast news speech recognition.

1 Introduction

Recently large vocabulary continuous speech recogni-
tion systems have been challenged with increasingly
di�cult tasks, as the research focus has shifted from
read speech data to speech data found in the real
world. The Japanese counterpart of HUB-4 [1] broad-
cast news recognition projects have been pursued by
NHK (Japan Broadcasting Corporation) and other re-
search institutes since 1996 [2, 3]. The research has
now stepped in the stage where real time captioning
of news speech [4] is being tested in real broadcasts,
although the system limits its input to utterances of
main announcers in studio clean environments.
There can be an approach to noisy broadcast news

speech recognition from the language modeling side as
well as the acoustic side. To get a language model
that is robust against noise is as important as to get
a language model that provides low test-set perplex-
ity for realizing a good broadcast speech recognition
system. Many Japanese LVCSR systems adopt mor-
phemes as the units for recognition among which there
are key morphemes such as particles, copulas and aux-
iliary verbs that are very short consisting of only one
or two syllables. This suggests that those short mor-
phemes are easy to be deleted or substituted in the
recognition process, although they play key grammat-
ical roles in a sentence.
The following work shows the result that our word

string language models based on part of speech and
frequency criteria alleviate the problem and improve
recognition performance for noisy broadcast news
speech.

2 Baseline

2.1 Broadcast news corpus

A Japanese broadcast news corpus was provided by
NHK [2], which contains the manuscripts and the broad-
cast audio recordings of two morning news programs,
one noon news program, and one evening news pro-
gram. The manuscript corpus is a collection of broad-
cast news articles that spans over 52 months between
August 1992 and August 1997, among which the �rst
50 months (837K sentences, 41.8M words) were used
for language model training, and the manuscript of
July 1996 (23K sentences, 3.9M characters) were held
out for evaluation of the language models.
The evaluation speech data set of 160 sentences was

selected from the audio recordings from July 1 to July
14, 1996. The evaluation set contains two subsets of
80 male announcer sentences and 80 female announcer
sentences, each of which has the equal number of ut-
terances in studio clean and in noisy environments.
Those sentences were so selected that they have no
OOV with reference to the baseline language model in
order to avoid the OOV issues on speech recognition
results.

2.2 Baseline language model

The manuscript texts of the �rst 50 months in corpus
were �rst split into morphemes (hereafter, \words")
by Japanese morphological analyzer ChaSen [8]. Each
word is presented as a pair of its orthographic repre-
sentation and POS tag. According to a word frequency
list, 18.8k most frequent words in training corpus were
selected as the baseline vocabulary (cuto� frequency =
34; word coverage = 98%). Then the trigram language
model was generated using CMU-Cambridge SLM [9],
with Good-Turing backo� smoothing method (cuto�
= 1). This is the baseline language model.

3 Word string language model

Most Japanese LVCSR systems use morpheme as a
recognition unit. However it is questionable whether
a morpheme is the best basic unit for stochastic lan-
guage modeling. Several reports indicated that group-
ing frequent word strings into new words improves the
language model performance [5, 6, 7].
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3.1 Log likelihood ratio based selection

This is based on the log likelihood ratio (LLR) of two
hypotheses on the bigram (w1, w2): H1 (occurrence
of w2 is independent of the previous occurrence of w1)
andH2 (occurrence of w2 is dependent on the previous
occurrence of w1).

LLR(w1; w2) = log
L(H1)
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where c11 = F (w1; w2), c12 = F (w1) � c11, c21 =
F (w2)�c11, c22 = N�c11�c12�c21 (N : total number
of word tokens in the corpus).
It is reported in the literature that for the read

speech material of JNAS (Japanese News Article Sen-
tences) the word string language model created by this
measure exhibits best performance both in test set per-
plexity and speech recognition evaluation, compared
with other measures, i.e. co-occurrence frequency, mu-
tual information and entropy [10].
The same measure was tested on the broadcast news

data. Log likelihood ratio of the bigrams was calcu-
lated whose occurrence frequency exceeds the baseline
cuto� threshold. Then word string sets of three di�er-
ent sizes were created by taking the top 500, 1080, and
2160 bigrams from the list. The word string language
models, LLR500, LLR1080, and LLR2160 were trained
on the manuscript corpus, where each token of the
word strings was concatenated into a single word. The
vocabulary for a word string language model was cre-
ated by adding the selected word strings to the baseline
lexicon. The word string model based on log likelihood
ratio showed lower test set perplexity, as anticipated,
than the other word string models as in Table 2, with
the lowest test set perplexity given by LLR1080.

3.2 POS and frequency based selection

3.2.1 Function word string (FNC)

Looking at the news manuscript corpus, we noticed
that certain types of morpheme strings occur very fre-
quently, and that most of them contain very short
morphemes that consist of only one or two syllables,
which tends to invoke errors especially in noisy speech.
Among those are function word strings. For instance,
formal and politeness expressions that are used com-
monly in broadcast news speech involve �xed patterns
of copula, formal verbs and auxiliary verbs. Particles
that consist of multiple morphemes and function like
a single particle are common as well.

In our experiment, words that belong to particle,
copula or auxiliary verb, were regarded as function
words. Bigrams of function word were extracted from
the training corpus based on the frequency F (w1; w2)
to yield function word string lists of six di�erent sizes.
Each of the selected word strings was used as a new
recognition unit. Then the function word string lan-
guage models FNC25, 50, 100, 151, 200, 355 was gen-
erated in the same manner as LLR LMs. Test set per-
plexity by the FNC LMs showed slight improvement
in all conditions of the extended lexicon size (Table 2).

3.2.2 Short word string (SHT)

There are 915 lexical entries in the baseline dictionary
whose length are less than three phonemes; 851 of
them are non-function words. These very short words
can also be regarded as potential candidates sensitive
to noise in speech recognition stage. Performance im-
provement may be expected by adopting n-grams of
the short words as longer units for recognition.
Table 1 is the number of n-gram entries composed

of up to �ve words whose length is shorter than three
phoneme extracted from the training corpus. All the
candidate n-grams whose frequency is grater than 34
were �rst sorted by the decreasing order of frequency
F (w1;w2; :::; wn); n = 2; 3; 4; 5 regardless of the value
of n to make a single list. Then the six short word
string language models of di�erent extension vocabu-
lary size were generated by taking the top 500, 1000,
1500, 2000, 2500, and all (3151) word strings in the
list.
Test set perplexity by SHT models in any lexicon

size was almost the same as FNC models, again giving
negligible reduction compared to baseline and slight
increase from the LLR case (Table 2).

Table 1: Short word string entries of SHT models of
various sizes

size 2gram 3gram 4gram 5gram

SHT500 323 118 47 12
SHT1000 611 240 109 40
SHT1500 883 379 165 73
SHT2000 1148 514 232 106
SHT2500 1416 661 298 125
SHT3151 1719 880 387 165

4 Speech recognition experiment

4.1 Decorder

An LVCSR system was implemented with HTK [11].
A standard acoustic analysis method was employed.
Each frame of input speech was represented by a 38-
dimensional feature vector that consists of 12 MFCC
parameters and their di�erential coe�cients of 1st and



Table 2: Test set perplexity (trigram) of word string
language models with various sizes of additional lexical
entries of word string

Langage Model Lexicon Size Test Set PP

Baseline 18.8k 33.24

LLR500 18.8k+500 31.12
LLR1080 18.8k+1080 26.91
LLR2160 18.8k+2160 33.59

FNC25 18.8k+25 32.90
FNC50 18.8k+50 32.67
FNC100 18.8k+100 32.90
FNC151 18.8k+151 32.90
FNC200 18.8k+200 32.90
FNC355 18.8k+355 32.90

SHT500 18.8k+500 32.22
SHT1000 18.8k+1000 32.45
SHT1500 18.8k+1500 32.67
SHT2000 18.8k+2000 32.67
SHT2500 18.8k+2500 32.67
SHT3151 18.8k+3151 32.90

2nd order, together with the di�erential coe�cients of
1st and 2nd order of speech power.
Gender-dependent triphone sets were created us-

ing ATR Phonetically Balanced sentences spoken by
201 male and 203 female speakers. The read speech
materials were gathered from ATR, ASJ, and JNAS
databases. The acoustic context was modeled by a
shared-state, word-internal triphone model; 1294 tri-
phone models were generated for male, and 1177 mod-
els for female; the number of Gaussian mixture compo-
nents for each state is 16. Speaker and noise adapta-
tion by MLLR was then performed on each gender-
dependent model using the news speech data with
various noisy environments, to generate announcer-
dependent noisy speech models, which improved the
baseline recognition performance by 4.5 points to give
89.9% word accuracy.
The decorder was run in the �rst pass performing

300-best recognition, using the bigram language mod-
els, with the �xed beam width of 250 followed by tri-
gram rescoring of the second pass to give 50-best re-
sults.

4.2 Results

Speech recognition performance were evaluated by
word correct, word accuracy 1, and deletion, substitu-
tion, insertion rate 2.

1WordAccuracy[%] = N�D�S
N

� 100%, WordCorrect[%] =
N�D�S�I

N
� 100%, where N is the total number of word to-

kens, D: deletion errors, S: substitution errors, and I : insertion
errors.

2Calculated as the percentage of each errors to the total num-
ber of word tokens, N .
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Figure 1: Noisy speech recognition performance by
LLR as a function of additional lexical entry size
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Figure 2: Noisy speech recognition performance by
FNC as a function of additional lexical entry size
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Figure 3: Noisy speech recognition performance by
SHT as a function of additional lexical entry size



Table 3: Speech recognition performance of the word string language models

lm Word Accuracy % Word Correct Deletion % Substitution % Insertion %
clean noisy total clean noisy total clean noisy clean noisy clean noisy

Baseline 92.73 87.96 90.52 92.09 87.30 89.88 1.75 3.61 5.52 8.42 0.63 0.67

LLR500 91.52 88.00 89.89 90.74 87.26 89.13 2.12 3.49 6.36 8.50 0.78 0.74

FNC200 92.65 88.36 90.66 91.82 87.74 89.93 1.84 3.51 5.15 8.13 0.82 0.54
SHT500 92.47 88.59 90.67 91.52 88.06 89.91 1.81 2.98 5.72 8.42 0.95 0.53

Focusing attention on the noisy speech data, word
string language models selected by POS and frequency
criteria, i.e., SHT and FNC outperformed LLR model
that is based on log likelihood selection. Both word
correct and accuracy of SHT and FNC were better
than those of the baseline model except for the FNC25
case, while in LLR case the performance was found
to degrade as more word strings are added to lexi-
con as presented in Figure 1 despite the advantage
in test set perplexity measure. In FNC case, word
correct and accuracy improved as more strings were
added to lexicon. It exhibited the best performance
by FNC200 case and slight degradation by FNC355
(Figure 2). As for SHT language model, the improve-
ment was larger than FNC. The best performance was
obtained by SHT500 (Figure 3).
The best speech recognition results of each word

string language models are presented in Table 3. Al-
though the overall word correct and accuracy improve-
ments by word string models are not signi�cant, their
advantage in deletion, substitution, and insertion er-
rors in noisy condition is obvious. The deletion error
by baseline model was reduced by 17% using SHT500
(3.61% to 2.98%). The insertion error was reduced
by as much as 20% (0.67% to 0.54 or 0.53%) using
FNC200 or SHT500 word string model, while substi-
tution error improvement was 3% (8.42% to 8.13%).
An examination of recognition results showed that

by the word string models based on POS and frequency
criteria 97% of short function strings in the evaluation
sentences were covered, while only 11% of them by
the word string models based on log likelihood ratio
criteria.

5 Conclusion

In this paper, we presented the results that the word
string language model whose extended vocabulary was
selected based on part of speech information and oc-
currence frequency criteria improves recognition per-
formance of noisy broadcast news speech. The word
string language models based on POS and n-gram fre-
quency reduces deletion errors by 17%, insertion errors
by 20%, and substitution errors by 3% in Japanese TV
broadcast news speech recognition. The result pro-
vides an approach from language model side to remedy
against recognition errors of short words.
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